Purpose: We sought to determine the predictive value of 3-dimensional texture analysis of computerized tomography images for successful shock wave lithotripsy in patients with kidney stones. Materials and Methods: Patients with preoperative and postoperative computerized tomography, previously untreated kidney stones and a stone diameter of 5 to 20 mm were included in study. A total of 224, 3-dimensional texture analysis features of each kidney stone, including attenuation measured in HU and the clinical variables body mass index, initial stone size and skin to stone distance, were analyzed using 5 commonly used machine learning models. The data set was split in a ratio of 2/3 for model derivation and 1/3 for validation. Machine learning based predictions of shock wave lithotripsy success in the validation cohort were evaluated by calculating sensitivity, specificity and the AUC. Results: For shock wave lithotripsy success the 3 clinical variables body mass index, initial stone size and skin to stone distance showed an AUC of 0.68, 0.58 and 0.63, respectively. No predictive value was found for HU. A random forest classifier using 3, 3-dimensional texture analysis features had an AUC of 0.79. By combining these 3 features with clinical variables discriminatory accuracy improved further with an AUC of 0.85 for 3-dimensional texture analysis features and skin to stone distance, an AUC of 0.8 for 3-dimensional texture analysis features and body mass index, and an AUC of 0.81 for 3-dimensional texture analysis and stone size. Conclusions: This preliminary study indicates that the clinical variables body mass index, initial stone size and skin to stone distance show limited value to predict shock wave lithotripsy success while stone HU values were not predictive. Select 3-dimensional texture analysis features identified by machine learning provided incremental accuracy to predict the success of shock wave lithotripsy.
THE recommended treatment options for kidney stones less than 20 mm are extracorporeal SWL or flexible ureterorenoscopy. SWL is convenient for patients because it can be performed in an outpatient setting without the need for urogenital access. However, the number of shock waves which can The corresponding author certifies that, when applicable, a statement(s) has been included in the manuscript documenting institutional review board, ethics committee or ethical review board study approval; principles of Helsinki Declaration were followed in lieu of formal ethics committee approval; institutional animal care and use committee approval; all human subjects provided written informed consent with guarantees of confidentiality; IRB approved protocol number; animal approved project number. 
MATERIALS AND METHODS

Patient Population
We retrospectively identified patients with kidney stones treated with SWL at our tertiary care center between 2003 and 2016. Patients with previously untreated kidney stones and a stone diameter of 5 to 20 mm were included in study. Informed consent was waived for this retrospective cohort study by the local ethics committee (STV KEK-ZH 2014-0198). SWL was performed as previously described. 3 Successful SWL stone disintegration was defined as no residual stones or a residual stone diameter less than 2 mm on CT. 18 
Computerized Tomography Data Acquisition and Analysis
During the study inclusion period noncontrast enhanced abdominal CT images were acquired on a total of 8 CT scanners of 3 vendors. Supplementary table 1 (http:// jurology.com/) lists detailed scan parameters. One blinded reader (MM) with 4 years of experience with abdominal radiology used a Nio Color 3MP MDNC-3421 workstation (Barco, Kortrijk, Belgium) and an Impax 6 picture archiving and communication system (Agfa Healthcare, Mortsel, Belgium) to document certain variables, including stone size before SWL, total number of stones, number of stones per patient, stone locations, SSD and residual stone size after SWL.
All measurements were made by a single reader with 5 years of experience in radiology on a picture archiving and communication system workstation. Stone location was assessed in multiplanar images. As previously described CT attenuation in HU and stone size were measured in a standard bone window (width/level e1,120/ e300). 19 Images with largest stone diameter were selected to define the maximum stone size. An ellipsoid ROI slightly smaller than the stone in magnified images was used to measure CT attenuation values. SSD was measured with radiographic calipers. Measurements were made in axial images from the point of the largest stone diameter at a set angle from the horizontal line. The mean of measurements at 0, 45 and 90 degrees was calculated as previously described. 19 Texture Analysis On all CT data gray level normalization was performed using the 1%-99% method to correct small technical intrascanner and interscanner variations. 20 As several 3-D TA features require identical spatial resolution to be comparable, pixel spacing was normalized to 0.4 Â 0.4 mm 2 using an in-house MATLAB script (MathWorksÒ).
One blinded reader (MM) performed 3-D TA in all stones using MaZda, version 4.6 software (Institute of Electronics, Technical University of Lodz, Lodz, Poland). Polygonal 2-D ROIs were drawn on a stack of DICOM images resulting in 1 VOI per stone. VOI delineation was restricted to urinary stones for which subsequent SWL was done and surrounding structures were carefully excluded ( fig. 1 ).
To test intrareader reproducibility of 3-D TA features VOI delineation was repeated by the same reader after 3 weeks to avoid recall bias. To test interreader reliability VOI delineation was performed by a second blinded reader with 2 years of experience with radiology. Overall 224, 3-D TA features per VOI were calculated. Selected 3-D TA features originated from 4 main categories, including 1) histogram (12 bits per pixel): MinNorm3D, MaxNorm3D, Mean3D, Variance3D, Skewness3D, Kurtosis3D, Perc.01%3D, Perc.10%3D, Perc.50%3D, Perc.90%3D and Perc.99%3D; 2) GLCM (6 bits per pixel) at 3 interpixel distances, including angular second moment, contrast, correlation, entropy, sum entropy, sum of squares, sum average, sum variance, inverse different moment, difference entropy and difference variance; 3) run-length matrix (6 bits per pixel) at 0, 90, 135 and 180 degrees, Z: runlength nonuniformity, gray level nonuniformity, long run emphasis, short run emphasis and fraction of image in runs; and 4) absolute gradient (6 bits per pixel): gradient mean, variance, skewness, kurtosis and nonzeros.
Texture Analysis Feature Selection and Dimension Reduction
Feature selection and dimension reduction were performed on the 224 TA features. First we removed TA features with reduced intrareader and interreader reproducibility. To do so the ICC was calculated for each pair of variables. An ICC of 0.61 to 0.8 was interpreted as substantial and an ICC of 0.81 to 1.00 was interpreted as excellent agreement. We excluded TA features with an ICC of 0.6 or less from further analyses.
Feature reduction and classification analysis were then performed in a manner similar to that of Sogawa et al 21 using WEKA, version 3.8.0 data mining software (University of Waikato, Hamilton, New Zealand). The built-in feature selection filter was used on a separate model derivation data set to evaluate the worth of single features, including TA and nonTA features, by considering the individual predictive value for SWL success and the redundancy between highly correlating features.
Statistical Analysis
Continuous normally distributed variables are expressed as the mean AE SD and continuous nonnormally distributed variables are presented as the median and IQR. Categorical variables are expressed as the frequency or percent. Normality was assessed by the Shapiro-Wilk test. Grouped differences in initial stone size in the training and test groups were tested with the KruskalWallis test.
After dimension reduction and feature selection the remaining 3-D TA features and 3 additional features, including BMI, initial stone size and SSD, were tested in various combinations. To do this we used 5 commonly applied machine learning algorithms to classify SWL success, including a J48 decision tree, k-nearest neighbor, an artificial neural network with back propagation (multilayer perceptron), random forest and sequential minimal optimization. To account for overfitting the data set was randomly split in the recommended ratio of 2/3 for model derivation and 1/3 for validation. Machine learning based predictions of SWL success on the validation cohort were evaluated by calculating sensitivity, specificity and the AUC from ROCs.
Multivariate analysis with a stepwise forward approach was performed for all selected nonTA and TA features by binary logistic regression on the entire data set. The resulting OR, 95% CI and corresponding parametric Wald test p value were noted.
Differences in the mentioned test characteristics were tested by the paired t-test with the Bonferroni correction for multiple comparisons. Differences in the mean number of shock waves and attenuation between the 2 groups were tested by the Mann-Whitney U test. Statistical analyses were done with IBMÒ SPSSÒ 23.0 with 2-tailed p <0.05 considered statistically significant.
RESULTS
Study Population
We excluded from analysis 20 of the 101 patients (20%) because of missing noncontrast CT before SWL, 28 (28%) because of missing noncontrast CT after SWL and 2 (2%) because of compromised/ nondiagnostic CT image quality ( fig. 2) . Thus, the final study population included 51 patients with a mean age of 55 AE 15 years (table 1) . Patients underwent CT a median of 34 days before and 83 days after SWL. Mean preoperative stone size was 10.2 AE 5 mm, mean attenuation was 643 AE 314 HU and The mean attenuation of kidney stones on CT measured in HU did not predict SWL success. However, it must be noted that the mentioned TA feature Kurtosis3D was derived from the histogram of kidney stone attenuation, which indicates that certain features of attenuation have predictive capability. Similar to attenuation values, which are measured in HU, TA represents a data postprocessing tool which discloses quantitative information contained in medical images that can be used for lesion detection and clinical outcome prediction. To date urogenital applications of TA have included improved accuracy for prostate cancer detection in apparent diffusion coefficient maps 22 and the distinction of histological subtypes of renal and adrenal tumors on CT. 23 Cui et al 17 and our group 16 recently reported that 2-D TA could predict successful SWL with moderate accuracy in an in vitro stone model. In this study we were able to improve previous TA methodology in 4 important aspects. 1) We performed 3-D instead of 2-D TA analysis. Assessment of the whole stone is crucial since urinary stones show variable density/mineral composition and, thus, variable CT attenuation in HU. 24 2) We used as many as 224 TA features in a discovery cohort and were able to validate the results in a validation cohort to limit spurious results. 3) We analyzed interreader and intrareader reliability, and results indicated the relatively high interreader and intrareader reliability of 3-D TA. In contrast to previous 2-D TA studies in which up to 70% of features had to be excluded because of low intrareader and interreader reproducibility, 16 we found less variability for 3-D stone delineation with only 33% of TA features discarded. 4) We used state-of-the-art artificial intelligence and machine learning tools to select the best TA features based on reliability and predictive information for SWL success. Using this advanced and rigorous TA methodology to our knowledge we report for the first time in vivo that 3-D TA is feasible, reproducible and predictive of SWL success for kidney stones. Our analyses revealed that 3 previously unknown texture features, namely Kurtosis3D, SumEntrp and DifEntrp, were predictive of SWL success. In brief, the 3-D TA feature Kurtosis3D represents the histogram shape of CT attenuation in HU probability distribution. Lower kurtosis values as seen in kidney stones with successful SWL are the result of frequent, modestly sized attenuation deviations, possibly representing a more uniform stone composition and/or architecture. The 2 other TA features, S(2,e2,0) SumEntrp and S(0,3,0) DifEntrp, are entropy measures. Entropy is a measure of randomness. For instance, lower entropy represents a more homogeneous image texture. Given the fact that even clinically insignificant residual stones affect the recurrence rate, 27 we used a smaller cutoff value in the current study. However, in an in vitro stone model our group recently found a weak correlation between HU and SWL success depending on the CT tube voltage. 19 Besides different tube voltages, the reported inconsistencies regarding the predictive value of HU may also be attributable to differences in CT protocol settings, ROI delineation, image magnification and windowing. Altogether the clinical usefulness and the cutoff value of any TA feature must be defined in future trials before 3-D TA software tools should be applied in daily clinical routine. Certain study limitations must be acknowledged. Our study included only 51 patients, which limits the generalizability of our results. This holds true also for the statistical analyses precluding the application of multiple random splits to reduce overfitting. Because of the observational study design potential selection, misclassification and information bias may have occurred. Furthermore, many patients undergoing SWL were not able to collect stone fragments that were passed for stone composition analysis and, therefore, we could not include stone composition in our analysis. 9 However, our study included patients with untreated kidney stones for which stone composition analysis is not preoperatively available anyway.
Classification Analyses
Furthermore, because of the large variability in stone fragility to shock waves even for the same mineral composition, the predictive information on stone composition remained limited but might be assessed by 3-D TA. 24 Also, we were not able to add the stone location parameter as another potentially relevant factor predicting the success of SWL because of the limited sample size, and also because some patients had several stones at different locations.
To limit the chance of spurious results we validated our results in a separate validation cohort. Nevertheless, multiple testing may lead to type I errors, which might have overestimated the described associations.
CONCLUSIONS
Our first results indicate that certain TA features identified through machine learning might have the potential to improve the prediction of the SWL outcome. Future studies with larger sample sizes are required to exactly determine which TA feature and which clinical variables would be useful in clinical practice.
